As the environment changes, the stationarity assumption in hydrological analysis has become questionable. If nonstationarity of an observed time series is not fully considered when handling climate change scenarios, the outcomes of statistical analyses would be invalid in practice. This study established bivariate time-varying copula models for risk analysis based on the generalized additive models in location, scale, and shape (GAMLSS) theory to develop the nonstationary joint drought management index (JDMI). Two kinds of daily streamflow data from the Soyang River basin were used; one is that observed during 1976-2005, and the other is that simulated for the period 2011-2099 from 26 climate change scenarios. The JDMI quantified the multi-index of reliability and vulnerability of hydrological drought, both of which cause damage to the hydrosystem. Hydrological drought was defined as the low-flow events that occur when streamflow is equal to or less than Q80 calculated from observed data, allowing future drought risk to be assessed and compared with the past. Then, reliability and vulnerability were estimated based on the duration and magnitude of the events, respectively. As a result, the JDMI provided the expected duration and magnitude quantities of drought or water deficit.
Introduction
The stationarity assumption in traditional hydrological analysis indicates that statistical characteristics of data do not vary over time. However, handling hydrological data becomes more challenging because the effects of global climate change have led to the nonstationarity of hydrometeorological variables. If the nonstationarity of hydrometeorological variables is not fully considered, the statistical results would be invalid in practice [1] , especially when using climate change scenarios.
Therefore, many researchers have been focusing on identifying the time-varying characteristics. Nonstationarity can be simply checked by the trend test and change point analysis [2] [3] [4] , however, the most common way of accounting for nonstationarity is the time-varying moment method [5] . This method assumes that the distribution parameters are functions of time, although variables of interest remain the same [6] [7] [8] [9] . Rigby and Stasinopoulos [10] developed generalized additive models in location, scale, and shape (GAMLSS). GAMLSS overcomes the limitations of generalized linear models (GLM) and generalized additive models (GAM), by expanding the types of distributions and their parameters. Furthermore, it allows modeling of not only the mean and location but also skewness and kurtosis, and introduces the parametric, semi-parametric, non-parametric, or random effect terms of explanatory variables.
The climate of South Korea has large seasonal variability in temperature and precipitation, with hot and humid summers and cold and dry winters. The range of those characteristics has been changing under the global climate change effects. The Intergovernmental Panel on Climate Change (IPCC) determined the emission density of greenhouse gases in the form of representative concentration pathway (RCP) scenarios [18] . In particular, under RCP 8.5, temperature and precipitation are projected to increase by 4.73 • C and 19.1%, respectively, more than the current average values in the late 21st century [19, 20] .
The target area is the Soyang River basin in South Korea described in Figure 1 . It is one of the mid-sized basins located in the upper stream of Han River. Past observed daily streamflow data of the Soyang River basin were collected during 1976-2005, and future daily streamflow data were simulated according to precipitation estimates from the climate change scenarios for the period of 2011-2099 using the Precipitation Runoff Modeling System (PRMS). The PRMS was developed by United States Geological Survey for use in runoff analysis [21] . The 26 climate change scenarios using different Global Climate Models (GCMs) following RCP 8.5 were applied in this study and their details are depicted in Table 1 . The statistical downscaling of GCMs was performed by Eum and Cannon [22] .
The GAMLSS framework has been applied to hydrological frequency analysis to provide the design criteria for managing future drought risk [11, 12] . Bivariate frequency analysis based on the GAMLSS-copula model was also conducted and proved useful in hydrological prediction [13] [14] [15] . GAMLSS can be useful to estimate nonstationary index. For example, Wang et al. [16] proposed the time-dependent standardized precipitation index and Bazrafshan and Hejabi [17] suggested using the nonstationary reconnaissance drought index.
This study performed statistical analyses with 26 climate change scenarios for the Soyang River basin in South Korea to construct the bivariate time-varying copula models based on GAMLSS theory. Copula functions were used to combine the drought information estimated from low-flow events, which were reliability and vulnerability. Then a new drought index, joint drought management index (JDMI), was developed based on the nonstationary copula model. The potential drought or water supply failure events were quantified as durations and magnitudes by JDMI-based risk assessment.
Study Area and Data
The climate of South Korea has large seasonal variability in temperature and precipitation, with hot and humid summers and cold and dry winters. The range of those characteristics has been changing under the global climate change effects. The Intergovernmental Panel on Climate Change (IPCC) determined the emission density of greenhouse gases in the form of representative concentration pathway (RCP) scenarios [18] . In particular, under RCP 8.5, temperature and precipitation are projected to increase by 4.73 °C and 19.1%, respectively, more than the current average values in the late 21st century [19, 20] .
The target area is the Soyang River basin in South Korea described in Figure 1 . It is one of the mid-sized basins located in the upper stream of Han River. Past observed daily streamflow data of the Soyang River basin were collected during 1976-2005, and future daily streamflow data were simulated according to precipitation estimates from the climate change scenarios for the period of 2011-2099 using the Precipitation Runoff Modeling System (PRMS). The PRMS was developed by United States Geological Survey for use in runoff analysis [21] . The 26 climate change scenarios using different Global Climate Models (GCMs) following RCP 8.5 were applied in this study and their details are depicted in Table 1 . The statistical downscaling of GCMs was performed by Eum and Cannon [22] . 
Methodology

Definition of Low-Flow Event and Water Supply Performance Indices
A flow duration curve (FDC) that shows the percent of times that a given discharge is exceeded, or equaled, is widely applied for the threshold level of the streamflow drought definition [23] [24] [25] [26] . In this study, the 80th percentile of FDC was chosen as the threshold using past streamflow data. Low streamflow provoked by the deficit of precipitation may cause a water supply failure.
The future period (2011-2099) was divided into 85 blocks using a 5-year moving window (MV), i.e., MV1 (2011 MV1 ( -2015 , MV2 (2012 MV2 ( -2016 , and so on. The characteristics of low-flow events were defined in each moving window as reliability (rel) and vulnerability (vul), as proposed by Hashimoto et al. [27] to describe the performance of water resource systems under drought conditions.
Reliability is originally defined as the probability that the desired water demand is fully supplied to users within the design period. However, in this study, reliability was expressed as Equation (1), which is the ratio of the failure period and the total design period. Vulnerability refers to the quantitative risk of water supply failure, that is, the potential magnitude or damage of failure events. Vulnerability can be estimated as the mean of the total deficit during failures as shown in Equation (2) .
where T is the total design period and N is the number of event occurrences during design period. In this study, T is 1825 days because a 5-year moving window was used for the design period. d n is the duration and s n is the total deficit or magnitude of the nth low-flow event.
Time-Varying Copula Model Using GAMLSS
The nonstationary analysis may be modeled assuming the parameters are time-dependent. The mean and standard deviation are generally employed for time-varying modeling, however, shape parameters are usually considered to be constant coefficients. Rigby and Stasinopoulos [10] proposed GAMLSS that can involve two to four parameters, i.e., location (mean), scale (standard deviation), and shape (skewness, kurtosis) parameters.
A GAMLSS assumes independent observations y i for i = 1, 2 (y 1 = rel 1 , rel 2 , · · · , rel p and
Each parameter can be related to explanatory variables. Since we assumed the drought risk to be time-dependent and induced by climate change, time was selected as an explanatory variable in the study. Explanatory variable t k , g(·) is a known link function relating Θ to t k given by Equation (3) without an additive term of random effects.
where β is the vector of estimated coefficient of time-varying parameters and the length of β can be two or four, described as Equation (5). The explanatory variable time
is the number of the moving window, thus p is the length of the datasets (reliability and vulnerability).
The joint cumulative distribution function (JCDF) is expressed using copula of two random variables of reliability and vulnerability, as shown in Equation (4) . The implementation of the time-varying copula model includes three major steps, as shown in Figure 2: (1) The estimation of reliability and vulnerability, (2) the estimation of the marginal distribution, and (3) the modeling of the copula parameter depending on the margins.
The parameters of marginal distributions (Θ i ) and copula (θ) were assumed to be constant, linear, or polynomial function as Equation (5). The parametric vector β k were estimated within the GAMLSS framework by maximizing the log-likelihood function for copula with continuous margins written as Equation (6) [28] .
where C and c are joint cumulative distribution function and joint probability density function estimated by copula, respectively. ϑ = {Θ 1 , Θ 2 , θ} is a set of distribution parameters used in a time-dependent copula model. 
Joint Drought Management Index (JDMI)
From Equation (4), the JCDF with bivariate marginal,
expressed as shown in Equation (7). The cumulative probability q is usually treated as an indicator of a destructive event, thus a smaller q implies a less-dry condition. Therefore, it would be of interest in the risk analysis to know what the probability is for a random event. In this context, Salvadori and De Michele [29] adopted Kendall distribution of Archimedean copulas. A Kendall distribution is useful to project multivariate information onto a single dimension as described as Equation (8) . The copula function can have the same quantiles with different combinations of variables, e.g., C(u,v) = q and C(u*,v*) = q. Therefore, it is difficult to specify the drought characteristics with the copula quantile. Since the JDMI implied the joint probability of nonexceedance of water supply performance indices, it is important to capture the ranges of sets of variables that can produce the same quantile.
In this study, the JDMI was designed to increase when reliability and vulnerability increase and vice versa. In other words, the larger the JDMI, the higher the risk. From the probability of Kendall distribution shown in Equation (8) , the JDMI can be defined as shown in Equation (9) .
[ ] Figure 2 . The time-dependent copula modeling procedure and model description.
From Equation (4), the JCDF with bivariate marginal, u = F 1 (y 1 |Θ 1 ) and v = F 2 (y 2 |Θ 2 ) is expressed as shown in Equation (7) . The cumulative probability q is usually treated as an indicator of a destructive event, thus a smaller q implies a less-dry condition. Therefore, it would be of interest in the risk analysis to know what the probability is for a random event. In this context, Salvadori and De Michele [29] adopted Kendall distribution of Archimedean copulas.
A Kendall distribution is useful to project multivariate information onto a single dimension as described as Equation (8) . The copula function can have the same quantiles with different combinations of variables, e.g., C(u,v) = q and C(u*,v*) = q. Therefore, it is difficult to specify the drought characteristics with the copula quantile. Since the JDMI implied the joint probability of nonexceedance of water supply performance indices, it is important to capture the ranges of sets of variables that can produce the same quantile.
Water 2019, 11, 532 6 of 12
where rel* and vul* are random values of reliability and vulnerability, respectively. φ is the standard normal distribution function.
Results and Discussion
Drought Events and Water Supply Performance Indices
The drought was defined as a period in which flow is equal or less than Q80 calculated from observed data, so that future drought risk could be assessed and compared with the past. Water supply performance indices were estimated based on low-flow drought events. The Mann-Kendall (MK) test was employed to find the monotonic trend in reliability and vulnerability estimated in 85 moving windows.
The monotonic trend was observed in 15 scenarios for reliability and vulnerability, but the scenarios were not identical. The Z-statistics of the MK test suggested that there was a significant decreasing trend in reliability in the 20 scenarios with the significance level of 0.05. A decreasing trend for vulnerability that was observed in 16 scenarios, while a significant increasing trend was observed in 10 scenarios. Thus, it is expected that the duration and the magnitude of future hydrological droughts would be less than those of the past.
The multi-index using water supply performance indices have already been tested in previous research. The drought management index (DMI) was developed using resilience and vulnerability, that account for the ability of the system to recover from drought damage [30, 31] . On the contrary, the JDMI inspired by the DMI is estimated based on D and S. Thus, the JDMI can reflect the drought aspects that cause damage to the system.
Model Selection and Parameter Estimation
Five probability distributions in Table 2 , i.e., log-normal, Gumbel, Weibull, Gamma, and exponential distribution, were explored to define the appropriate marginal distributions of reliability and vulnerability. In addition to investigating the relationship between the two margins, three copula functions in Table 3 , i.e., Clayton, Frank, and Gumbel copula, were tested. The parameters of marginal distributions and copula were assumed to be a function of the explanatory variable, which is time, t. Table 2 . Definition and properties of the marginal distributions used in the study. Table 3 . Definition and properties of the Archimedean copula used in the study (ε = 10 −7 ).
Distribution
PDF Link Function
f m (y m |µ m ,σ m ) g m (µ m ) g m (σ m ) Log-normal 1 yσ √ 2π exp − {log(y) − µ} 2 2σ 2 log(µ m ) log(σ m ) Gumbel 1 σ exp y − µ σ − exp y − µ σ µ m log(σ m ) Weibull σ µ y µ σ−1 exp − y µ σ log(µ m ) log(σ m ) Gamma 1 (µσ 2 ) 1/σ 2 y 1/σ 2 −1 exp −y/µσ 2 Γ(1/σ 2 ) log(µ m ) log(σ m ) Exponential 1 µ e − y µ log(µ m ) -
Copula
CDF Link Function
C(u,v;θ) g(θ)
Clayton
The time-dependent copula model was fitted by the nonstationary marginal distributions. The parameters of the margins and copula were assumed to be constant, linear, and polynomial functions with the design parameters and time as described in Equations 5a, 5b, and 5c, respectively. If the parameters are independent from time, the model will be stationary with constant parameters. Table 4 represents the result of model selection. It was decided that the distributions of best fit for reliability and vulnerability were the Weibull and log-normal, respectively. The p-value of the Kolmogorov-Smirnov (KS) test for each marginal distribution supported the model decision with 5% significance level. Finally, the most appropriate copula models were determined based on the Akaike information criterion (AIC), and Gumbel was dominantly selected. The stationary copula models were also estimated for comparison. Figure 3 describes the AIC comparison between the stationary and nonstationary copula models. The AIC values of nonstationary models were estimated to be lower than those of stationary models in all scenarios. The lower AIC indicates a better model, thus, the time-dependent copula would be more appropriate in the study area. It should be noted that the marginal distributions and the copula of the stationary and nonstationary model were not identical; log-normal was selected for all of the margins and Gumbel copula was dominant for the stationary model.
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The stationary copula models were also estimated for comparison. Figure 3 describes the AIC comparison between the stationary and nonstationary copula models. The AIC values of nonstationary models were estimated to be lower than those of stationary models in all scenarios. The lower AIC indicates a better model, thus, the time-dependent copula would be more appropriate in the study area. It should be noted that the marginal distributions and the copula of the stationary and nonstationary model were not identical; log-normal was selected for all of the margins and Gumbel copula was dominant for the stationary model. 
Risk Assessment Based on Nonstationary JDMI
The drought event was defined when both reliability and vulnerability were larger than average values in a probabilistic approach. The droughts based on JDMI can be classified into five states, i.e., normal (D0), mild (D1), moderate (D2), severe (D3), and extreme (D4). Figure 4 shows the drought state classification based on the JDMI estimated for all scenarios.
The future period was divided into three time domains to clarify drought occurrence patterns and their characteristics. 
The future period was divided into three time domains to clarify drought occurrence patterns and their characteristics. As shown in Figure 4 , the extreme drought (D4) rarely occurred but only five events were observed in all scenarios (scenario #03, #6, #08, #21, and #23), and appeared in P2 and P3. The number of droughts was larger in P1 compared with P2 and P3, however, the mild and moderate droughts (D1 and D2) were concentrated in P1. Among the scenarios, results from the severe and extreme drought (D3 and D4) occurrences were slightly more frequent in P2 and P3 than P1. Nevertheless, it was obvious that drought appearance declined in P2 and P3; thus, P1 would be more prone to water deficit. JDMI   #01  #02  #03  #04  #05  #06   #07  #08  #09  #10  #11  #12   #13  #14  #15  #16  #17  #18   #19  #20  #21  #22  #23  #24 #25 #26 Table 5 depicts the maximum drought events in all scenarios and the corresponding values of reliability and vulnerability. Reliability and vulnerability could be representative of drought duration and magnitude and, thus, we can deduce the drought characteristics from those indexes. In the S#01, for example, reliability and vulnerability were estimated as 0.46 and 570.15 m 3 /s based on JDMI of 1.98. During a 5-year moving window, the expected drought occurrence duration would be 0.46 × 365 (days) × 5 (years) = 839.5 days. Also, the expected maximum drought magnitude would be 570.15 × 24 (h) × 60 (min) × 60 (s) = 49,260,960 m 3 per day, due to the daily streamflow data basis. The JDMI can quantify the potential hydrological drought characteristics that would cause severe water shortage every five years. According to Table 5 , the corresponding values of reliability and vulnerability of each maximum JDMI ranged from 0.21 to 0.50, and from 497.73 to 1273.97 m 3 /s, respectively. Therefore, it is expected for the Soyang River basin that the maximum drought damage would last at least 386 to 915 days and induce a water deficit from 43 × 10 6 to maximum 110 × 10 6 m 3 for an event during five years (represented as 5-year moving window in the study).
# of Moving window
Summaries and Conclusions
This study proposed the nonstationary JDMI built under the time-dependent copula model to assess the potential risk of hydrological droughts that could induce water deficit. The focus was on the nonstationarity in the parameters of distribution function of margins and copula detected using the GAMLSS framework. The appropriate model selection procedure was generally carried out based on the log-likelihood functions and AIC.
The data corresponding to 26 climate change scenarios of Soyang River basin of were used in the analysis. The future low-flow drought was defined using the future simulated data, but the threshold level was estimated from past data. The water supply performance indexes, reliability and vulnerability, were respectively calculated from the duration and magnitude of the drought events occurring in 5-year moving windows.
Not all marginal distributions were found to be nonstationary based on the MK test, however, some of the datasets showed best fitting when using the time-varying parameter, even when they were under a stationary condition. It should be noted that among 11 datasets of reliability and vulnerability revealed not to have a trend, the constant parameters showed the best fitting for only 5 and 6 datasets, respectively. On the other hand, the copula with the polynomial function of time for the dependence parameter had better performance than the one with the constant or linear functions in all datasets. Therefore, we can conclude that the time-varying model is more suitable for the study area.
An appropriate drought index can serve as the important base in drought management, preparation, and mitigation. The nonstationary JDMI may provide the expected quantities of drought risk under changing environmental conditions. Therefore, it is possible to establish the targeted safety level through reliability and vulnerability, which are corresponding values of JDMI in the specific period. Water supply safety assessment is a priority for drought response/mitigation and also water supply system design.
However, the nonstationary model developed in this research does not include other hydrometeorological variables, with only time as an explanatory variable. Thus, it cannot fully consider the nonstationary behaviors of drought characteristics. However, the multi-index would increase uncertainty by combining the variables in a probabilistic approach. Nevertheless, future studies should establish new drought indexes with climate variables, i.e., temperature, precipitation, and evaporation. 
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